Abstract. The hydraulic active suspension systems have certain nonlinear and time-varying behaviors. It is difficult to establish an appropriate dynamic model for model-based controller design. Here a novel neural network based sliding mode control is proposed by combining the advantages of the adaptive, radial basis function neural network and sliding mode control strategies to release the model information requirement. It has on-line learning ability for handling the system time-varying and nonlinear uncertainty behaviors by adjusting the neural network weightings and/or radial basis function parameters. It is implemented on a quarter-car hydraulic active suspension system. The experimental results show that this intelligent control approach effectively suppresses the oscillation amplitude of sprung mass in response to road surface disturbances.
and sliding mode control schemes. The adaptive rule is employed to on-line adjust the weighting of radial basis functions by using the reaching condition of a specified sliding surface. Since this approach has learning ability for establishing and regulating the weightings of radial basis functions continuously, its control implementation can be started with zero initial weighting RBFNN.
Active suspension system schema and model
Here a serial type quarter-car active suspension system with 2 degree-of-freedom (DOF) is designed and built for investigating the dynamic performance and control effect. This experimental system includes a hydraulic actuating unit, a road condition simulation unit, an active suspension unit, an I/O data interface unit and a PC based control unit. In order to evaluate the dynamic response and control performance of this active suspension system, a 2 DOF dynamic model of this quarter car system is employed. The basic assumption is that the tyre always contacts with the road surface and the function of the tyre is simulated by a spring with spring constant and unsprung mass . The spring, damper and actuator between sprung mass and unsprung mass constitute an active suspension system as Fig. 1 . Where and are measured variables representing the sprung mass displacement and the displacement of tyre axis, respectively. The dynamic equations of this suspension system can be derived. (1)
Where is the road surface position variation, and are the hydraulic actuating force and the hydraulic friction force, respectively. The relationship between the servovalve spool displacement and the hydraulic flow rate , and the continuity equation of the hydraulic cylinder chamber give
Where
is the servovalve flow-pressure coefficient, is the cylinder differential pressure, and is a time-varying servovalve flow gain, is the cross section area of cylinder, is the total leakage coefficient of the cylinder, is the total compressed volume, and is the effective bulk modulus of the system. The relationship between the servovalve spool displacement and the control voltage is described as and is the servovalve gain. Then, the time derivative of the actuating force of this hydraulic suspension system can be derived:
The dynamic equations of this suspension system can be rewritten as:
The dynamic equation of this hydraulic servo system has multi-output coupling, time-varying and nonlinear feature. It is difficult to estimate those system parameters and use this dynamic equation for designing a model-based controller. Hence the model-free intelligent control scheme is employed to design the active suspension controller.
Radial basis function sliding mode controller
Since the dynamic equations (eq. 3 or 5) of this hydraulic suspension system has multi- 
where is slow time-varying function depend on the parameters of suspension system and hydraulic systems. is a function of some unmeasured state variables, ,which are bounded in this suspension system. Here it is considered as an unknown time varying function.
is a time varying function with positive value. is the disturbance due to the hydraulic system friction force variation.
and are defined as the errors of state variables. Then equation (3) can be rewritten as:
If all of the above time-varying functions are well known, a perfect control rule can be defined. (8) where is the sliding surface on the phase plane which is defined as ) (t s
Based on previous researches, NN is a powerful algorithm for establishing a nonlinear dynamic model or a nonlinear mapping function. Hence a RBFNN is employed to model the nonlinear mapping between the sliding surface variable and the system control law for achieving this control purpose. Gaussian functions are used as the activation functions of each neuron in the Hidden layer of this novel controller. The excitation value of these Gaussian functions is the distance between the input value of sliding variable and the central position of a Gaussian function. 
Where ) exp( ) ( 
The RBFNN approximated control law u may have certain difference with the perfect control law , then the following equation can be derived from eq. (7 Where the adaptive rate parameter, , and the system input parameter, , are combined as a learning rate parameter, . Then the weightings between hidden and output layers neurons can be on-line adjusted to achieve the learning ability of RBFNN. From the dynamic equation (5), it can be concluded that the variable is always a positive value for this hydraulic suspension system. It can also be found from eq. (13) that increases as u decreases and vice versa. If s>0, then the increasing of due to the increasing of will result in decreasing. When the condition is s<0, will decrease with the decreasing of through the decreasing of . Hence the weighting updating rule, eq. (15) satisfies the reaching condition. The Gaussian RBF function and adaptive RBFSM controller structure are shown in Fig. 2(a) and 2(b) , respectively. In addition, the Gaussian functions parameters and can be specified as constants for general-purpose applications. Here, the spread factor is chosen as 0.6 to obtain appropriate overlapping between membership function and the center of functions c is specified as integral constants from -5 to +5 for simplification. A scaling factor is chosen to map the sliding surface variable, , into this range. It represents the control window of the input variable. Its value is not critical for this novel controller and it can be roughly evaluated based on simple test. 
Experimental results
The control objective is to monitor the dynamic motion of the sprung mass. The system disturbance is come from the secondary hydraulic servo-system. Which is used to generate various disturbances to the tyre for simulating the road surface variation. An adaptive RBFNN sliding mode controller is proposed and employed to control this active vehicle suspension system. In order to adjust the covering range of Gaussian functions, the parameter is used to regulate the sliding surface input variable. This adjustable parameter for this RBFSM controller is chosen as . Parameter in sliding surface equation (6) is set as 0.5. This value denotes the slope of sliding surface in phase plane. The selected value of the learning speed parameter is 0.6. The gain factor of the neural network based sliding mode control law is
. Those values are not critical, any value within certain range can be used fro all dynamic operation cases. The central positions of the eleven radial basis functions are set at -5,-4,…, 0,+1, …,+5. The spread factor of these Gaussian functions is specified as a constant 0.6 to obtain about one third overlapped between neighboring radial basis functions. In order to investigate the control performance based on the sprung mass dynamic behavior, the following experiments are performed. The sampling frequency in following experiments is 150 Hz. During the experiments, the differential value is substituted by the change of error for approximation.
When a vehicle riding on a sinusoidal road surface with a 40 mm oscillation amplitude, the sprung mass dynamic position variation and the control input voltage with this hydraulic active suspension system are shown in Fig 3(a) and 3(b) , respectively by using a RBFNN control scheme. The solid line exhibits the road profile, the dotted line depicts the passive displacement of the sprung mass and the dashed line denotes the sprung mass position variation with active suspension system. The maximum displacement of the sprung mass is 7.5 mm for the initial learning period. After that the position oscillation of the vehicle body is less than 1.5 mm. This small oscillation is due to the disturbance come from the dynamic variation of tyre deformation. The control voltage is smooth in the whole control interval. The sprung mass acceleration with different number of RBF is shown in Fig. 4 to evaluate the nodes number influence of this neural network. The solid line exhibits the sprung mass acceleration dynamics with 5 RBF nodes, and the dotted line depicts the sprung mass acceleration with 11 RBF nodes, respectively. The root-mean-square (RMS) values of the acceleration oscillation amplitudes are 16.61 and 10.31 mm/ for 5 and 11 RBF nodes, respectively. When a vehicle traveling on a rough road with a random amplitude, the sprung mass position and acceleration dynamic responses of this quarter-car suspension system are shown in Fig. 5(a) and 5(b) , respectively. It can be observed that the maximum sprung mass position oscillation is maintained within 3.8 mm and the acceleration oscillation amplitude is within 18 mm/ , 
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